Objective: To investigate factors, including cognitive and brain reserve, which may independently predict prevalent and incident dementia of the Alzheimer type (DAT) and to determine whether inclusion of identified factors increases the predictive accuracy of the CSF biomarkers A␤ 42 , tau, ptau 181 , tau/A␤ 42 , and ptau 181 /A␤ 42 .
als a decade or more before the appearance of dementia symptoms. 3 This possibility suggests that biomarkers alone may not yield ideal diagnostic accuracy for prevalent DAT and underscores the importance of understanding the temporal relationships between biomarker levels in cognitively normal adults, symptomatic AD (i.e., incident AD), and factors that modify those relationships, to avoid exposing healthy people to potential sideeffects of AD medications many years before these drugs are needed.
Factors that are associated with cognitive impairment on their own may confound relationships between biomarkers and clinical symptoms. 4 Additionally, cognitive and brain reserve studies [5] [6] [7] [8] [9] indicate that several factors modify the association between AD pathology and dementia. We sought to identify factors that predict prevalent and incident DAT when considered concomitantly with the CSF biomarkers of A␤ 42 , tau, and ptau 181 and to determine whether including these factors increases the predictive accuracy of biomarker models in identifying prevalent and incident DAT.
METHODS Participants were volunteers with normal or impaired cognition enrolled in longitudinal, prospective studies of aging and memory at the Washington University Charles F. and Joanne Knight Alzheimer's Disease Research Center. The present study represents a secondary analysis of data from participants who had lumbar puncture (LP) for collection of CSF from June 18, 1998 (when CSF collection was instituted) through October 23, 2008 (figure e-1 on the Neurology ® Web site at www.neurology.org). Detailed information regarding recruitment, enrollment, and clinical assessment has been published. 10 Briefly, participants are community-dwelling individuals recruited from the greater St. Louis, MO, area. Individuals with a medical or psychiatric illness (e.g., cancer requiring chemotherapy) that could interfere with longitudinal follow-up or adversely impact cognition are excluded. At study entry and all subsequent yearly assessments, each participant is accompanied by a collateral source (CS), usually a family member or close friend. The participant and their CS complete separate semi-structured interviews conducted by experienced clinicians. The participant completes a general physical and neurologic examination, health and medication histories, the Mini Mental-State Exam (MMSE), 11 the Geriatric Depression Scale (GDS), 12 and psychometric testing. Participants are also asked to undergo brain imaging with MRI.
Standard protocol approvals, registrations, and patient consents. Study protocols were approved by the Washington University Medical Center Human Subjects Committee, and written informed consent was obtained from all participants.
Clinical assessment for dementia. A Clinical Dementia
Rating (CDR) [13] [14] [15] is generated for each participant by experienced clinicians who use the information obtained from the par-ticipant and CS interviews to determine the presence of dementia. Clinician trainees review teaching and reliability videotapes of participants until 80% agreement or better is achieved with the gold standard videotapes. Impairment in each of 6 domains (memory, orientation, judgment and problem solving, community affairs, home and hobbies, and personal care) is defined as decline due only to cognitive change. The global CDR is derived from ratings of each domain in accordance with a standard scoring algorithm: CDR 0 ϭ normal cognition and CDR 0.5 ϭ very mild, CDR 1 ϭ mild, CDR 2 ϭ moderate, and CDR 3 ϭ severe dementia. The reliability of the CDR has been established. [15] [16] [17] For participants who receive a CDR of 0.5 or above, indicating abnormal cognition, a clinical diagnosis is assigned. A diagnosis of DAT is based on evidence that the participant has experienced the gradual onset and progression of memory and other cognitive problems that represents a change from a previous higher level of functioning, and that interferes with usual activities at home and in the community. The validity of this diagnosis has been demonstrated by subsequent progressive cognitive and functional decline 18 and by the neuropathologic diagnosis of AD in 92% of those coming to autopsy. 19 Clinicians are unaware of the CSF results for each participant.
Collection and analysis of CSF. Following an overnight
fast, 20 -30 mL of CSF was obtained at 8:00 AM from participants by a trained neurologist using a 22-gauge Sprotte spinal needle. To avoid possible gradient effects, samples were gently inverted and centrifuged at low speed. Tubes were frozen at Ϫ84°C 20 after aliquotion into polypropylene tubes. ELISA (Innotest; Innogenetics, Ghent, Belgium) was used to analyze CSF samples for A␤ 42 , tau, and ptau 181 . Analysis of CSF is conducted by 2 trained scientists with over 25 years of experience, who are blind to the results of the participant's clinical assessment.
Inclusion criteria. Patients were 50 years or older at the time of first LP. Only participants with data available for all study variables at the time of data analysis were included so that predictive models could be compared for the same individuals.
Statistical analyses. Analyses were conducted using SAS version 9.1 (SAS Institute, Inc, Cary, NC).
Cross-sectional analyses. These analyses used data from participants with a diagnosis of normal cognition or DAT at the closest clinical assessment within 1 year before or after the LP. Logistic regression was used to identify candidate variables (see below) that were independently related to DAT diagnosis when considered together with each CSF biomarker (A␤ 42 , tau, ptau 181 , and the ratios of tau/A␤ 42 and ptau 181 /A␤ 42 ). The biomarker was entered into the model first, and the stepwise selection procedure then identified additional demographic, brain reserve, cognitive reserve, and other variables linked to cognitive impairment that improved model fit. A significance level of 0.05 was used for entering and exiting effects. A receiver operating characteristic curve (ROC) and the area under the curve (AUC) were calculated from the resulting model. Higher AUC values indicate better predictive accuracy, reaching a maximum at 1, which signifies perfect prediction. A second logistic regression was performed including the biomarker as the sole predictor of a DAT diagnosis, which generated an AUC based on the biomarker alone. The AUCs from both models were then compared and tested 21 to determine whether the expanded model resulted in increased predictive accuracy.
We also compared the AUCs generated from the 5 models assessing the biomarkers as sole predictors with each other, and the AUCs generated from the 5 stepwise models with each other. Leave-one-out estimation was used to cross-validate the ROCs and their AUCs.
Longitudinal analyses. Data from participants with normal cognition (CDR 0) at the closest clinical assessment within 1 year prior to or 1 month after their first LP and with at least one subsequent clinical assessment were used. A concordance probability estimate (CPE), 22 reflecting the predictive accuracy of the Cox proportional hazards model, was calculated for models using each of the 5 biomarker variables as the sole predictor of time to a diagnosis of DAT. Additional Cox proportional hazards models were used to determine which of the candidate variables were independent predictors of time to DAT when considered together with each of the biomarker variables. In these analyses, the biomarker was entered into the model first, and stepwise selection was used to identify additional variables that improved model fit. A significance level of 0.05 was used for entering and exiting effects. The CPE resulting from the expanded stepwise model was then compared to the CPE yielded using the biomarker as the sole predictor, to determine whether addition of the variables identified in the stepwise procedure resulted in increased predictive accuracy. In all models, data from participants who died, did not develop dementia, or did not return for follow-up assessment were censored at the date of their most recent clinical assessment. The CPEs generated from the 5 models assessing the biomarkers as sole predictors were compared with each other, as were the CPEs generated from the 5 stepwise models.
Candidate variables available for stepwise selection.
With one exception, the same candidate variables were used in the cross-sectional and longitudinal analyses. These included age at LP, gender, race, APOE genotype, and the CS rating of the participant's general physical health (excellent, good, mild, or moderate impairment). Candidate variables used as proxies for cognitive reserve (i.e., the efficient use of brain networks or the ability to recruit alternate brain networks or cognitive strategies) 7 were years of education [23] [24] [25] [26] [27] [28] [29] and occupational attainment 23, 30 as reflected in the occupation ranking of the Hollingshead Index of Social Position. 31 Normalized whole brain volume (nWBV) 32 (measured using the methods of Buckner et al. 33 ) and clinical history of stroke were taken as proxies of brain reserve, which reflects the numbers and health of neurons in the cortex. 7 Other candidate variables represented factors known or suggested to cause cognitive impairment themselves, which may confound the association between AD pathology and cognition. These included depressive symptoms 34 (scores on the GDS 12 and a clinical diagnosis of depression or bereavement), a concomitant medical condition that may interfere with cognition (e.g., vitamin B12 deficiency, alcoholism, sleep apnea), or use of a medication that may interfere with cognition (e.g., benzodiazepines/ sedatives, anticholinergics, opiates). In preliminary analyses, the tau and the ptau 181 /A␤ 42 variables yielded very small, and very large, odds and hazards ratios, respectively. Therefore, tau values were divided by 10, and ptau 181 /A␤ 42 ratios were multiplied by 10, before use in the statistical analyses. These linear transformations resulted in exactly the same p values throughout the models, but easier interpretation of odds and hazards ratios for these variables.
Because 32.9% of participants who would have otherwise met criteria for the longitudinal analyses did not have structural imaging data available at the time of analysis, nWBV was not included in the primary longitudinal analyses. In exploratory analyses, however, we repeated the Cox proportional hazards models using stepwise selection with the subsample for which nWBV was available. Table 1 shows the demographic characteristics for the cross-sectional (n ϭ 247) and longitudinal (n ϭ 213) samples. Some participants (n ϭ 161) were represented in both samples.
RESULTS
Cross-sectional identification of DAT. Models testing each biomarker alone. Forty-six (18%; 34 ϭ CDR 0.5, 11 ϭ CDR 1, 1 ϭ CDR 2) participants in the crosssectional sample had DAT. Lower values of CSF A␤ 42 , and higher values of each of the other biomarker variables, were associated with having DAT vs normal cognition (table 2) . AUC values for models based on the individual biomarkers ranged from 0.762 to 0.867 (table e-1). The highest AUCs were generated by CSF tau and tau/A␤ 42 , and the lowest by CSF A␤ 42 and ptau 181 (table e-2).
Expanded models. An APOE genotype containing an 4 allele (APOE4), gender, and nWBV were independent predictors of DAT when considered with each of the CSF biomarkers in the expanded models, such that APOE4 genotype increased, but female gender and larger nWBVs decreased, the likelihood of DAT (table  2) . Worse physical health rating also helped to predict DAT in the models testing tau, ptau 181 , and ptau 181 / A␤ 42 , and higher GDS scores were associated with DAT in the A␤ 42 and ptau 181 models (table 2). A history of stroke or TIA was an additional independent predictor of DAT in the tau/A␤ 42 stepwise model (table 2). Figure 1 shows the increase in the AUC as each variable is added to the expanded model for each biomarker. Each of the expanded models yielded an AUC that was higher than that obtained for the model based on the CSF biomarker alone (table e-1). There was no difference across the AUCs generated by the 5 expanded models (p ϭ 0.3531).
Longitudinal prediction of future DAT. Models testing each biomarker alone. Fourteen participants (6.6%) with normal cognition at baseline developed DAT over a mean follow-up period of 3.2 Ϯ 1.6 years. Each biomarker was associated with time to DAT, with lower values of CSF A␤ 42 and higher values of the other biomarkers associated with more rapid time to DAT development (table 3 ) . The model testing A␤ 42 generated a higher CPE than each of the remaining biomarkers, the CPEs for which did not differ from each other (tables 3 and e-3).
Expanded models. Considered together with the biomarker variable, older age was independently related to a faster time to DAT diagnosis in all predictive models and more years of education predicted a slower time to DAT in 4 of the 5 models (table 3) . With the exception of CSF A␤ 42 , the CPEs resulting from the expanded models were significantly higher than the CPE generated by testing the biomarker alone (tables 3 and e-4). Although the small increase in the CPE for A␤ 42 was not significant, the enhanced models for the other biomarkers increased the CPEs for their respective models to a level that did not differ ( p ϭ 0.2740) from that of the expanded A␤ 42 model, nor from that of each of the other expanded biomarker models (figure 2).
Exploratory analysis for the subsample with nWBV.
Seven (4.9%) of the 143 participants with baseline nWBV measurement developed DAT over the follow-up period. In the analyses including nWBV among the candidate variables for stepwise selection, education and nWBV were independently associated with time to DAT when considered together with each biomarker (table 3) . Unlike the analyses on the entire longitudinal sample, age no longer met entry criteria for any of the models (table 3) . DISCUSSION We found that the identification by CSF biomarkers of individuals with prevalent symptomatic AD and the predictive power of the biomarkers for the future onset of symptomatic AD among individuals with normal cognition can be improved by including variables reflecting attributes of the in- dividual in predictive equations. Although the predictive value of the biomarkers differed from each other when considered alone, addition of these ancillary variables led to predictive values that were similar across all biomarker models. This was true for both cross-sectional and longitudinal prediction of DAT. The accurate cross-sectional identification of DAT was improved by nWBV, gender, and APOE 4 when considered together with all CSF biomark- Abbreviations: AUC ϭ area under the receiver operating characteristic curve; GDS ϭ Geriatric Depression Scale (scores range from 0 to 15, with higher scores indicating more depressive symptoms); nWBV ϭ normalized whole brain volume; OR ϭ odds ratio. a Interpretation of odds ratios for continuous variables includes consideration of the unit of measurement. For example, the odds ratio of 0.995 for A␤ 42 (measured in pg/mL) listed in the first column above indicates that the likelihood of being in the dementia of the Alzheimer type group relative to the normal cognition group is decreased by 0.5% for each pg/mL increase in A␤ 42 . ers studied. Larger nWBVs were associated with a lower likelihood of DAT, consistent with the idea that volume may function as a marker of brain reserve, 32 enabling one to cope better with AD-related pathology prior to overt symptoms. Smaller brain volumes may also reflect neuronal death. These two explanations are not incompatible. The cross-sectional association of gender with DAT may be due to the greater tendency for men to enroll in our longitudinal studies when they are experiencing dementia symptoms compared to women. Therefore, the cross-sectional effect of gender may differ in other samples. We found no effect of gender on prediction of incident DAT.
We found that, after controlling for relationships between APOE 4 and the biomarker levels themselves, APOE 4 adds additional predictive power. This suggests that APOE genotype may be linked to additional pathologic processes other than those reflected in CSF biomarker values studied or investigated here. We previously found that APOE 4, together with age, is related to CSF AB 42 levels among cognitively normal individuals. 35 That study also suggested that other, as yet unknown, factors are related to abnormal biomarker levels, as some individuals with low CSF A␤ 42 did not have an APOE 4 allele, and APOE 4 was unrelated to CSF tau and ptau levels.
Age did not enhance the cross-sectional predictive ability of any CSF biomarker model, despite its wellknown status as an AD risk factor. However, brain volume decreases with normal aging, 36 and the Pearson product-moment correlation between age and nWBV was Ϫ0.80 ( p Ͻ 0.0001) in this sample. Since variation of the two factors is shared (i.e., they are highly correlated), once one factor is present in the model, the other adds little additional predictive value and does not meet the criteria for stepwise selection.
Interestingly, education did not independently predict DAT when considered together with CSF biomarkers in the cross-sectional sample, although it was previously found to interact with fibrillar brain A␤ to predict dementia symptoms. 27 Thus, the ability of particular ancillary variables to improve prediction using biomarkers may differ depending on the type of biomarker used (e.g., CSF measures vs amyloid imaging).
Longitudinally, only education and age helped to predict incident DAT in the primary analyses. However, our follow-up period and number of incident DAT cases were modest. Studies examining a longer follow-up period may reveal additional important ancillary variables. In the exploratory analyses conducted on the smaller subsample with nWBV available, education continued to contribute to predictive accuracy but nWBV replaced age as an important longitudinal predictor. Again, this is probably due to the close correlation between age and nWBV.
In our previous work, A␤ 42 values below 500 pg/mL were generally considered to be abnormal. 37, 38 
Figure 2
Predicting time to incident dementia of the Alzheimer type from cognitive normality at baseline Increase in concordance probability estimate with the addition of age and education in the expanded biomarker models. Abbreviations: CI ϭ confidence interval; CPE ϭ concordance probability estimate; HR ϭ hazards ratio; nWBVϭnormalized whole brain volume. a Interpretation of hazards ratios for continuous variables includes consideration of the unit of measurement. For example, the hazards ratio of 0.995 for A␤ 42 (measured in pg/mL) listed in the first column above indicates that the hazards rate is decreased by 0.5% for each pg/mL increase in A␤ 42 .
Among participants in the main longitudinal analyses, and over a modest follow-up period, 64.3% (9/ 14) of those who developed DAT had A␤ 42 values below 500 pg/mL at baseline, whereas only 31.7% (63/199) of those who did not develop DAT had A␤ 42 values below this level. Similarly, tau/A␤ 42 ratios of greater than 1.0 (roughly indicating both abnormal tau and abnormal A␤ 42 levels) were found for 50% (7/14) of those who developed DAT vs 12.6% (25/199) of those who did not. Stated differently, our results suggest that cognitively normal individuals who later develop DAT are likely to have "abnormal" biomarker levels at baseline. Considered alone, tau-based CSF assays were superior to A␤ 42 in identifying prevalent DAT, whereas A␤ 42 better predicted incident DAT, consistent with a model of AD development whereby the major pathologic effects of A␤ are exerted in preclinical AD, and of tau in symptomatic AD. 3 Limitations include the use of a convenience sample, the few participants with nWBV available in the longitudinal sample, as well as the relatively short follow-up period (a mean of 3.2 years). Given these limitations, our results suggest that factors shown in previous research to mediate, or confound, associations between AD pathology and dementia can be used to improve the predictive accuracy of CSF biomarkers. These results provide a starting point toward the development of AD risk models which incorporate CSF biomarker values together with individual patient attributes. These risk models can be used in the clinical setting to accurately predict time to development of AD symptoms, helping physicians to make informed treatment decisions and patients to plan for the future.
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